The paper has focused on the point at which a decision is to be made to activate the Obstacle Employment Group (OEG), which is a defining moment for the overall engagement of the group. The course of action is selected based on a Fuzzy Logic System (FLS), created by translating the experience of decision-makers into a single knowledge base. The FLS mainstays are four input criteria and one output, interconnected by a rule base.
INTRODUCTION
The Army of Serbia performs combat and non-combat operations. The combat operations involve offensive and defensive missions. The defensive operations relevant to this paper are those taking place when the enemy takes initiative in a bid to seize a territory or break out into a defended area [3] . The objective of defensive operations in
FUZZY LOGIC AND FUZZY SETS
Fuzzy sets are used to represent and model a linguistic uncertainty in a mathematically formalized manner. The sets defined this way might be interpreted as an attempt to generalize the classic set theory. The idea behind the fuzzy sets is quite simple. In classic (non-fuzzy) sets, a certain element (a member of the universal set) either belongs to a defined set, or it does not. In that sense, the fuzzy set does simplify the classic set, because the membership of an element in the set is valued in the interval [0, 1] . In other words, the membership function of a fuzzy set mirrors each element of the universal set in the real unit interval. A major difference between classic and fuzzy sets is that the classic sets always have unique membership functions, whereas there is an infinite number of membership functions to describe a fuzzy set. This fact allows the fuzzy systems to adjust properly to the situations they apply to. Lotfi Zadeh [14] placed emphasis on this fact while defining the fuzzy set, and noted that any area can be fuzzified and the conventional approach to the set theory generalized accordingly.
While calculating the time necessary to perform a task by a Serbian army unit, a very frequent estimate is "approximately a few minutes." The "approximately three minutes" is the nearest whole number to express the approximate time necessary to complete the task.
The argument that the time required for the completion of the task is three minutes will be interpreted in the same manner in any situation. However, when we say that it might take nearly three minutes to complete the task, we might also want to quantify "nearly" and to have a "maximum error" estimate, and sometimes it is all we need to know. If we say that the time needed for an activity to be completed is "approximately three minutes", it might be sufficient information for us, while on the other hand, it can only expand uncertainty.
Similar descriptions are used successfully in any decision-making process, and fuzzy logic makes it possible for us to use seemingly vague information in different areas of science. Figure 1 illustrates the idea of replacing the precise, rigorous descriptions of complex occurrences with quite the opposite concept, allowing for indistinctness [9] .
Figure 1: Fuzzy number
Typically, a discrete set is a set of elements with the same characteristics. Each element belongs to the discrete set one hundred percent, or, on the scale from 0 to 1, the degree of membership for each is 1. Of course, a discrete element can be completely outside the set, and the membership degree is 0.
The fuzzy set expands and generalizes the classic discrete set [4] . It is a set of elements with similar characteristics. The degree of membership in a fuzzy set can be any real number from the interval [0, 1].
The fuzzy set  A in a nonempty set is the ordered pair
 is a degree of membership of the element xU  in the fuzzy set  A [12] . The membership degree is a number from the interval [0,1]. The higher the membership degree, the more corresponding the element of the universal set U is to the characteristics of the fuzzy set.
Formally, the fuzzy set A is defined as a set of ordered pairs
If we define the reference set V=o, p, r, s, t, a fuzzy set might look like this: The membership function defines the fuzzy set. If the reference set is discrete, the membership function is a set of discrete values from the interval [0, 1], the same as above. If the reference set is continuous, we can formulate it analytically based on a membership function.
The In Figure 2 , the ordinate refers to a degree of membership, and the abscissa to the fuzzy variable x. Most of the fuzzy system design tools make it possible for the user to define different arbitrary membership functions [9] .
The elements of fuzzy sets are taken from the universe of discourse, which contains all the elements to be considered. In other words, the fuzzy variable can assume values over the universe of discourse only.
The term "universe of discourse" will be clarified based on the variable the time required for the completion of a task. The time required for the completion of a task implies a high level of uncertainty, but it is certain that the time will not exceed 3 t or be under 1 t . In other words, it is certain that the time belongs to the closed interval 13 [ , ] tt . This closed interval is called the universe of discourse, symbolically described as 13 [ , ] Т t t  , Figure 1 . To define the universe of discourse for each fuzzy variable is the responsibility of the fuzzy system designer, and the most natural solution is to adopt a universe of discourse corresponding with the physical boundaries of the variable. If the variable is not of physical nature, a standard universe of discourse will be adopted, or an abstract one defined [1], [11] .
Apart from the universe of discourse, a triangular fuzzy number -fuzzy time in this particular case -is characterized by an interval of confidence, too. The concept allowing for a fuzzy number to be expressed based on a universe of discourse and a corresponding interval of confidence was devised by Kaufmann and Gupta [5] . 
FUZZY LOGIC SYSTEM DESIGN
Fuzzy logic is most commonly used to model the complex systems in which other methods failed to establish the interdependence between individual variables [11] .
The models based on fuzzy logic are composed of "IF-THEN" rules. Each rule establishes a relation between the linguistic values through an "IF-THEN" statement: If n paralel rules are interpreted by the conjuction "or", they can be formulated based on the fuzzy relation below:
IF x is A AND AND x is A AND AND x is A THEN y is B
The membership function of this relation is as follows:
Each rule gives as a result a fuzzy set, with a membership function cut in the higher zone. Applying all the rules gives a set of fuzzy sets with differently cut membership functions, whose deterministic values all have a share in the inferential result. A single value is needed in order to have a useful result figure 4. A fairly large set of rules, where a solution to a problem is described in words, constitutes a rule base, or expert rules. For easier understanding, the rules are written in an appropriate sequence, but the sequence is not essential in the process. The rules are tied together with the conjunction "or", which is often omitted. Each rule is composed of antecedents most commonly linked with the conjunction "and". The antecedents create the criteria based on which a selection is made from suggested alternatives. The text below describes the criteria (antecedents) to be used in a fuzzy logic system for the selection of a course of action for the OEG.
The decision-maker sometimes have only one location to consider, when making a decision boils down to accepting or rejecting the location. More often, however, the decision-maker needs to rank several locations and chose one over the others. Ranking the locations means attaching a value to each location, the overall goal being to choose the best from the set of available solutions, based on the importance of selected criteria. If there is a possibility of change, the number of variables grows, and the optimization of the choice is getting more complex [10], [11] .
Reconnaissance is a date collection effort to facilitate the choice of a proper course of action for the OEG. The first step in the decision-making process is to formulate all the options, and then discard the solutions that do not satisfy the pre-defined criteria. Ultimately, the alternatives are valued and ranked.
Alternative Ranking Criteria [2]:  Estimates related to a possible breakthrough by enemy along a specific route (C 1 ). This criterion allows for an estimate of the probability of enemy breakthrough along a route. The estimate hinges on the assessment of enemy intent and how successful the enemy's plans might turn out, depending directly on the deployment of our units (the number of units to defend the route, the level of anti-tank defense, the interspace, exposed flanks, an area favoring an air assault, etc.).  The impact of closing a specific route (C 2 ). This criterion unifies the degree to which it is possible to slow down the pace of enemy attack, and possible losses in personnel and equipment inflicted on the enemy by activating the OEG.  The estimate of negative effects of a minefield on subsequent actions by our units (C 3 ).
Within this criterion an estimate is made regarding possible extent of (negative) impact, if any, which deploying mines along a route might have on future operations by our units.  Characteristics of a route (C 4 ). This criterion is based on the influence of terrain features on the structure of a minefield, the time needed to prepare the lines for explosive obstacles along the given route, and the time needed to reach the route and deploy the mines. In the fuzzy system to value the available alternatives, the values of input criteria are either numbers or linguistic terms. The fuzzy system consists of four input variables and one output. The characteristics of the input variables are displayed in Table 1 -a subset of benefit type criteria, meaning the higher the value, the more preferable the alternative (the criteria C 1 , C 2 , C 4 ), and  C  -a subset belonging to the cost category, meaning the lower the value, the more preferable the alternative (criterion C 3 ). The C 1 criterion is attached numerical values, and linguistic descriptors are used for the criteria C 2, C 3 and C 4 .
The values of the input variables C 2 , C 3 and C 4 are described by a set of linguistic descriptors S=l 1 , l 2 ,...,l i , iH0,...,T, where T is a total number of linguistic descriptors. The linguistic variables are represented by a triangular fuzzy number defined as ( , , ) The number of linguistic descriptors is T=9: unessential -U; very low -VL; fairly low -FL; low -L; medium -M; high -H; medium high -MH; very high -VH, and perfect -P, ( Figure 5 ). 
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All input variables of the fuzzy logic model are described with three membership functions each. The output variable is described with five membership functions. The choice of membership functions and their range in the universe of discourse is a critical point in creating the model. Gauss curves were chosen for this particular fuzzy system, being easy to manipulate while adjusting the output.
Once the FLS is finished, the results need to be verified. An arbitrary set of input values are passed through to produce a set of solutions (outputs). When the FLS is used to compare the output values with the expected set of solutions, the result might be unsatisfactory. More precisely, there might be a considerable discrepancy between the results produced by the FLS and the expected set of solutions, which is unacceptable. Significant deviations would place the difference outside a margin of error, which is why the FLS requires adjustment. The system is adjusted by correcting the membership functions, and passing a set of values through the FLS periodically, in order to compare the results with the expected set of solutions. Table 2 offers a comparative overview of the expected results and the results obtained at different stages of adjustment. The FLS adjustment was performed in three steps. The initial FLS error was 0.204 ( Figure 7a ). Phase I reduced the error to 0.145 (Figure 7b) . In Phase II, the error dropped by 40.68% to 0.086 (Figure 7c ). Phase III cut it by 65.11% to 0.030 (Figure 7d) . Having compared the values after Phase 3, the authors decided the errors were minimized and negligible compared to the expected set of solutions. This leads to the conclusion that the FLS can successfully generalize new data it was not trained for. The membership functions of input variables after the adjustment are presented in Figure 8 . Table 3 shows the parameters of the membership functions. Linguistic rules were the link between the input and the output of the fuzzy system. An expert's knowledge of the process can be expressed by a number of linguistic rules, using the words of a spoken or artificial language [10] .
The domain expert introduces his knowledge through production rules. It is very important that for each combination of linguistic variable inputs, the domain expert suggests corresponding output values. As said before, there are four input linguistic variables (n=4) with three linguistic values each (M=3), and they can be combined in a base totaling M n =3 4 = 81. The most frequently used deduction methods are MIN-MAX and PROD-SUM. In this paper the PROD-SUM method of direct deduction has been used, as one of the chief requirements was to reach the satisfactory sensitivity of the system. In other words, a slight change to the input is expected to produce a slight change to the output, which other methods failed to achieve [8] . Selecting the PROD-SUM method and adjusting the membership functions produced an appropriate form of solutions, which were ultimately accepted ( Figure 9 ). The center of gravity method was the defuzzification method of choice, being universal, most fitting option for the creation of the fuzzy system, ensuring both continuity and the gradience of output.
TESTING THE FUZZY LOGIC SYSTEM
The testing process employed the illustrative data describing ten alternatives, which were possible courses of action for the OEG. Their characteristics are listed in Table 4 .
The results following the application of the model are displayed in Table 5 . The course of action No. 10 has been selected as the best alternative, with the highest value compared to the other observed preferences. Having compared the results following the FLS application with the preferences of decision-makers (experts), the conclusion was that the values of FLS criteria functions were close to the preferences of the decision-maker, 
CONCLUSION
Having studied the results, the authors have decided that the FLS system can successfully value pre-defined courses of action for the OEG, formulating a decisionmaking strategy in the selection process. The significance of the research lies in the amalgamated experience of several experts incorporated in the model. This is very important insofar as the decision-maker is no longer limited to his own knowledge. In addition, the model ranks the alternatives successfully even if data are fairly unknown, which is rather typical of the criterion C 1.
The development of the fuzzy logic model allows for a strategy to select a course of action for the OEG to translate into an automatic control strategy. system depends on the number of experienced officers -decision-makers, who participated in the FLS research and development, and on the ability of the system analyst to formulate a decision-making strategy based on extensive communication with them.
The model can save time in the decision-making process and make the decision to be a better one. The performance of the sophisticated fuzzy system can be improved by translating it into an adaptive neural network, which can be trained to replicate decisionmaking by experts. The development of the ANFIS system will be the subject of future research in the field.
